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Abstract. Recent advances in open-source magnetic resonance imaging (MRI)
hardware, have significantly improved engineering of low field (LF) magnetic
strengths, making LF viable for a broad range of clinical applications. It is re-
garded as a feasible imaging modality in low and middle-income countries
(LMICs), where imaging resources remain highly constrained. However, LF
MRI remains susceptible to noise, artifacts, coil variations, and acceleration-re-
lated degradation. These challenges raise critical questions as to whether the im-
ages acquired from these scanners can be trusted for safe clinical diagnosis and
decision-making. To address this, a unified epistemic and aleatoric uncertainty
enhanced autoencoder framework was used to analyse a scan acceptance rule us-
ing the open source OSI2 ONE k-space dataset from Leiden University Medical
Center (LUMC). The result motivated the development of a two-axis uncertainty-
based scan acceptance framework with separate percentile-derived thresholds.
The framework successfully identified 42.3% of LUMC, unsafe low-rank recon-
struction (LLR) scans while maintaining a zero false-rejection rate for safe scans.
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1 Introduction

Low-field (LF) MRI which operates at magnetic field strengths below 1T has emerged
as an affordable alternative to High-field MRI [2] offering several advantages such as
portability, reduced system cost, improved safety profile, and the ease to acquire scans
in low-resource settings [11]. It is gaining ground as a way to accelerate the accessibil-
ity of MRI machines in low-resource environments. Despite its lower magnetic field
strength, it has demonstrated significant diagnostic performance comparable to high
field MRI for neurological imaging [11]. However, the images acquired from LF MRI
remain vulnerable to noise, artifacts, coil variations, acceleration-related degradation,
low signal-to-noise ratio (SNR) and longer scan times. To address these challenges,
accelerated image reconstruction techniques are used to reduce scan time during data
acquisition by undersampling k-space. Recent advances in open-source MRI hardware
and computational reconstruction techniques have significantly improved LF-MR im-
age quality, making them viable for a broad range of clinical application [21]. Yet, there
is still a significant gap in interpretation of its images in a low-resourced setting.

Deep learning (DL) methods in MRI reconstruction are currently growing rapidly
offering faster reconstruction times and mitigating artifacts and noise than iterative
methods [17]. However, they are not without limitations. They may generate false fea-
tures (hallucinations) when applied to a data distribution not seen during training and
any small distributional shift in the data can cause the model to be unstable [16]. Fur-
thermore, an undersampled k-space can equally make DL models inherent to uncer-
tainty [4], raising the crucial need to estimate and quantify uncertainty of DL ap-
proaches [19]. Uncertainty in DL is broadly grouped into aleatoric and epistemic. Ale-
atoric uncertainty arises from noise in the data and cannot be reduced by acquiring more
data whereas epistemic uncertainty reveals the model’s limitation in understanding the
data and can be reduced by additional training data [10]. Most existing works have
explored uncertainty in DL-based MRI reconstruction models [4,15,3] meanwhile very
few works focus on quantifying both forms of uncertainty in MRI reconstruction par-
ticularly in LF-MRI.

To address this, we propose a unified uncertainty-aware reconstruction network built
using variational autoencoder (VAE) with hybridized aleatoric and epistemic uncer-
tainty quantification. The output from the proposed algorithm is further used to create
a triage acceptance rule, classifying each LF scan as accept-able, uncertain or repeat
acquisition. The experiments in this study were performed using the open-source OSI?
ONE LF-MRI (47mT) k-space dataset [21]

2 Related Works

Several studies have incorporated uncertainty estimation into MRI reconstruction. Ale-
atoric uncertainty has been explored using model-based DL (MoDL) [22], variational
autoencoders with Monte-Carlo sampling and a Stein’s Unbiased Risk Estimator
(SURE) [3], conformal prediction methods [6], and pixel classification estimation ap-
proach [4] which shows enhanced reconstruction reliability and calibrated uncertainty.
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Epistemic Uncertainty has been addressed through Bayesian variational networks [15]
and diffusion-based approaches [5] that model reconstruction as a probabilistic inverse
problem and estimate uncertainty from posterior distribution. Other works jointly mod-
els both uncertainties using Monte Carlo dropout [18], deep ensembles [13] and Bayes-
ian frameworks [12].

In low-field setting, Anyimadu et al. [1] estimated uncertainty using a deep ensemble
approach through cross-validation, though the model was trained using simulated low-
field MRI data derived from the Human Connectome Project (HCP) dataset. More re-
cently, Zhang et al. [23] introduced ReDiff, a reliability aware diffusion framework that
utilizes spatial uncertainty maps to reduce hallucinations during low-to-high-field MRI
synthesis. Despite the efficiency of existing reconstruction models with uncertainty
quantification, focus is primarily on uncertainty estimation accuracy rather than down-
stream clinical decision support, particularly in low-field MRI in resource constrained
settings where non-specialist operators require actionable scan quality guidance.

3 Methods

3.1 Data Description and Preprocessing

For this study, we utilized the publicly available low-field MRI dataset (OSI> ONE)
which was acquired using a 47mT Halbach-based MRI system constructed at the Lei-
den University Medical Center (LUMC) [21]. It comprises of five different subsets of
healthy brain MRI scans which were acquired with the intention of evaluating under-
sampling strategies, acquisition designs and reconstruction methods tailored for LF im-
aging. The subsets include, Partial Fourier (PF; n = 16), RF Coil Comparison (n = 70),
Locally Low-Rank (LLR) Reconstruction (n = 52), LORAKS Reconstruction, and Re-
peatability (n = 75).

The MRI data were acquired in the ISMRM Raw Data Format (ISMRMRD) [7].
Using HDFS5 utilities, the repeatability and standard k-space acquisitions were recon-
structed into paired lists of degraded inputs and clean target slices. These pairs were
transformed into PyTorch tensors. The repeatability k-space data were split into train-
ing (80%) and validation (20%) sets. The training split was made at slice level. Finally,
data from five under-sampling strategies experimented at LUMC were reconstructed to
serve as the testing dataset for model evaluation.

3.2  Low Field MRI Scan Acceptance Rule

Visual Quality control (QC) in medical imaging is the process of establishing whether
a scan or dataset meets a required set of standards [14]. The reconstructed low-field
MRI are affected by acquisition noise, resolution, and/or image artefacts, and traditional
standard for identification of these issues are labour-intensive manual visual inspection.
However, uncertainty has been identified to be of great importance for decision making,
and it is anticipated to increase patient safety in reduction in harm from mis- or no-
diagnosis. It is projected to allow for robust rejection of unreliable predictions or out-
of-distribution samples.
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In this study, the two categories of uncertainty quantification were hybridized to an-
alyse the acceptance rule for VAE reconstructed low-field MRI. The proposed rule will
be adapted to follow a 4-quadrant Scan Acceptance Matrix [20] depicted in Figure 1. It
is also referred to as a downstream deployment framework used to identify sources of
uncertainty that will support the management of clinical logistics as shown in the chart.
Meanwhile, the effective low and high thresholds for both uncertainty categories have
to be pre-determined, since they are measure in different units.

Low Epistemic High Epistemic
Uncertainty Uncertainty
ACCEPT SCAN REPEAT SCAN

Data quality appears acceptable, but

i Reconstruction is reliable. The model the model is uncertain because the
"°G" A"::'?n: is confident and the acquired data anatomy or image characteristics
ncertainty appear of good quality. differ from what it learned during

FLAG SCAN REJECT SCAN

The model is confident in its
reconstruction, but the acquisition Both acquisition quality and model
High Aleatoric contains substantial noise or confidence are poor. The
Uncertainty corruption. Interpretation may still reconstruction should not be trusted
be possible but requires caution for clinical interpretation.
(expert review).

Fig. 1. A 4-quadrant Scan Acceptance Matrix [20]

3.3 Model Architecture

The reconstruction algorithm is a probabilistic deep learning model designed for both
image reconstruction and uncertainty quantification in low-field MRI. The architecture
following the Variational Autoencoder (VAE) [9] was configured with task-specific
inductive biases on accelerated k-space reconstruction. The model takes an inverse fast
Fourier transform (iFFT) reconstructed image as input and outputs a mean reconstruc-
tion. A key architectural contribution in this design is the dual-head design shown in
Figure 2, which also produces two independent outputs. The mean head is the estimated
pixel-wise expected reconstruction ", fine-tuned to minimize the composite recon-
struction loss, and the log-variance head measures the pixel-wise aleatoric (data-inher-
ent) uncertainty log(a2). The exponentiated output, elog (a?), constitutes the aleatoric
uncertainty map Ugjeqtoric)- The MC Dropout remains active throughout the decoder at
inference time. Running T = 20 stochastic forward passes through the full encoder—
decoder pipeline and computing the pixel-wise variance across the T mean reconstruc-
tions yields the epistemic uncertainty map Ugpistemic) - the component attributable to
model uncertainty rather than data noise. The concatenation of both uncertainties is
defined in Equation 1.

Utotal = Uepistemic + Ualeatoric (1)
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Model Training: Training was conducted in PyTorch on an NVIDIA Tesla T4 GPU
for up to 200 epochs, with early stopping triggered after 30 epochs without validation
loss improvement. The best checkpoint was saved at epoch 111 of 141 total epochs. For
the model optimization, we used Adam optimizer with a learning rate of 1 x 107 with
a batch size of 8.

L= L+ Lggu+ B-Lgy 2

Where L, is the mean absolute pixel error, Lggy, is the Structural Similarity Index
loss, and LKL is the KL divergence term with an annealing schedule, weighted at § =
1 x107%,

Encoder i Latent Space Decoder

- i 32

Input

iFFT # nz

loga?
reconstructed — || &

FC
l 255x4x4

Monte Carlo Dropout Inference (T = 20 stochastic forward passes)

Total Uncertainty Scan Acceptance Triage
(Percentile two-axis rule)

Epistemic I Accept /’/

var(p_%)

+
Alestoric ’.
mean(exp(log %)) Reject —

Fig. 2. Diagram of the Proposed Model Architecture

4 Results

As shown in Table 1, the model achieved a best validation loss of 0.1794, with struc-
tural similarity index (SSIM) of 0.3926, and normalized mean squared error (NMSE)
of 0.18225, each marginally out performing corresponding training-set metrics, indi-
cating the absence of over fitting. The training history confirmed stable, monotonic
convergence across all four tracked metrics, with no evidence of loss divergence or
instability in the KL-annealing schedule. To assess generalisation beyond the fixed
80/20 split, kfold cross-validation was performed at k € {2,4,8} across a pooled set of
3,000 training slices. The results as summarised in Table 1, shows the performance
improved marginally and consistently as k increases. SSIM increased from 0.3498 at
2-fold to 0.3604 at 8-fold, and NMSE decreased from 0.17676 to 0.16916. Standard
deviations remained small across all folds, confirming that the architecture generalises
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consistently and is not overfit to any particular data partition. However, the model at 0-
fold retain its’ position as improvement on model attained at §-folds cross-validation
(Table 1).

Table 1. Cross-validation across 2/4/8 folds (3,000 pooled training slices) confirms the architec-
ture generalises consistently and was not overfit to the original 80/20 split.

Fold Recons. PSNR SSIM NMSE L1 SNR CNR
Error
(Loss)

0-fold 0.1794 18.86 0.3926 0.18103 0.0750 15.47 13.33

2-fold 0.1953 + 18.33+ 0.3498+ 0.17676 £+ 0.0837+ 11.04+ 9.02+
0.0009 0.03 0.0030 0.00093 0.0003 0.01 0.00

4-fold 0.1928+ 18.41+ 03571+ 0.17165+ 0.0826+ 11.83+ 9.73%
0.0012 0.07 0.0034 0.00182 0.0007 0.27 0.22

8-fold 0.1915+ 18.43+ 0.3604+ 0.16916+ 0.0818+ 1192+ 9.75+
0.0017 0.05 0.0071 0.00178 0.0007 0.72 0.68

The 0-folds cross-validated model was evaluated across the OSI> ONE dataset four
acquisition conditions: Fully Sampled, Accelerated (R = 2), Partial Fourier, and
LLR/Under sampled, and their mean normalized uncertainty were compared across ac-
quisitions. From Figure 3, Partial Fourier scans had the lowest mean U,,,,,, (0.2751),
reflecting more stable reconstruction quality under this acquisition strategy, while Ac-
celerated and LLR show roughly equal levels of highest mean uncertainty. A Kruskal-
Wallis test across all four conditions yielded H = 6.51, p = 0.0891, indicating no
statistically significant overall group difference at the o.=0.05 threshold, while the LLR
/ Under sampled has the widest spread, stretching from 0.0 to 1.0, meaning it is highly
unpredictable.

Mean Uncertainty per Condition
Distribution by Condition (KW p=8.91e-02) (Expected: Fully Sampled < Accelerated < Partial Fourier < LLR)
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Fig. 3. Distribution of normalised uncertainty across the four acquisition conditions

Furthermore, Spearman rank correlations (p) were computed between the three uncer-
tainty estimates (Ugjeatoric> Uepistemic)> and SSIM across acquisition conditions and

stratified per condition. Results are presented in Table 2.
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Table 2. Uncertainty Pattern across Reconstruction Quality

Condition Epistemic (p) Aleatoric (p)  Volume(n)
Fully Sampled (R=1) -0.8741 0.1538 12
Accelerated (R=2) -0.6993 0.0350 12
LLR undersampled (R=1.7) -0.4286 -0.3571 7

A correlation analysis was performed (Table 2) around the low quality accelerated con-
ditions (R = 2) under-sampled at 50% k-space, the LLR (R = 1.7) images under
sampled at 70% of the k-space and the fully sampled (R = 1) k-space images. It was
discovered that epistemic uncertainty was significantly and negatively correlated with

SSIM (p = —0.8741), and the next ranked correlation is the accelerated under sam-
ples at SSIM correlation of (p = —0.6993), while the LLR undersampled attained a
weaker correlation with SSIM (p = —0.4286), which was assumed to have been as a

result of the less number of data samples (n = 7) in LLR undersampled. However,
the consistent negative epistemic uncertainty and SSIM across the different conditions
suggests that higher epistemic uncertainty is associated with lower reconstruction qual-
ity. In contrast, aleatoric uncertainty showed weak and unstable correlation with SSIM,
changing signs across acquisitions conditions.

In addition, the stability analysis of the repeatability scan shows low coefficients of
variation (~ 12%), indicating that uncertainty estimates are reproducible across acqui-
sition settings and across repeat sessions. Therefore, thresholds for each uncertainty
axis were derived independently from the validation set distribution using robust per-
centile clipping. Raw epistemic and aleatoric uncertainty values were first normalized
to [0,1] by clipping at the 2nd and 98th percentiles of their respective distributions,
suppressing the influence of outlier slices. The low/high boundary for each axis (tlow)
was then set at the 50th percentile (median) of the normalized distribution, and the up-
per boundary (thigh) at the 75th percentile, yielding data-driven thresholds that reflect
the natural operating range of each signal independently.

Hepistemic Thigh 2 P75 (Uepistemic)

Epistemic Threshold = { 3
p Lepistemic Tiow < PSO (Uepistemic) ( )
H ic Thigh = P75 (U, i
Aleatoric Threshold = { aleatoric “high 75 ( aleatortc) (4)
Laleatoric Tiow < PSO (Ualeatoric)

Where Hepistemic and Hgeqroric are the high epistemic and aleatoric values, and
Lepistemic and Lgjeqroric are the low epistemic and aleatoric values. Here, Uepistemic
(percentile clipped) epistemic and aleatoric uncertainty signals respectively, and P50,
P75 denote the 50th and 75th percentiles of the validation set distribution (see Equa-
tions 3, 4). The low epistemic is below 0.5367 threshold, while a value above 0.7718
represents high epistemic uncertainty. A value below 0.5119 represents low aleatoric
in the data, while a value above 0.8029 represents highly aleatoric.

The safety evaluations were performed using acquisition conditions as reference in-
dicators rather than clinically assessed labels. The evaluation scans comprised 92 scans
(52 LLR/undersampled, 24 fully sampled or accelerated, 16 partial Fourier) of the OSI?
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dataset. When all 52 LLR scans were processed by the two-axis rule (see Figure 4)
enhanced VAE, the framework identified 22 of 52 scans for repeat acquisition (sensi-
tivity = 42.3%), with zero fully sampled or accelerated scans incorrectly rejected (false
reject rate = 0.0%), yielding a Youden index of 0.423.

60 50

42.3%

=22
(42.3%)

rcentage (%)

Unsafe scans accepted

o

0.0% 0.0%

Baseline i 15
(accept all) (Option B) (unsafe caught)

Sensitivity

Fig. 4. Representation of Safety Evaluations of LLR Unsafe Scans with hybridized uncertainty
aware VAE

5 Discussions

This study presents a hybridized epistemic—aleatoric uncertainty-aware autoencoder for
scan-quality assessment in low-field MRI. Among the two uncertainty measures, epis-
temic uncertainty emerged as the primary, reliable driver of reconstruction-quality as-
sessment. Reconstruction quality remained modest, with a best validation SSIM of ap-
proximately 0.39. Nevertheless, cross-validation demonstrated consistent performance
across data splits, indicating that the model generalized reasonably well despite the
limited size of the dataset. The relatively low reconstruction metric attained may be
partly attributed to the low quality of the input data and the VAE’s tendency to produce
overly smooth reconstructions, which can result in the loss of fine image details. A key
finding of this study was the strong inverse relationship between epistemic uncertainty
and reconstruction quality. Epistemic uncertainty was significantly negatively corre-
lated with SSIM across acquisition conditions, demonstrating that model confidence
decreased as reconstruction difficulty increased. This suggests that epistemic uncer-
tainty provides a meaningful estimate of reconstruction reliability and may serve as a
useful indicator of scans requiring additional review. In contrast, aleatoric uncertainty
showed inconsistent correlations with SSIM and exhibited poor discriminative perfor-
mance. The near constant behavior of the aleatoric uncertainty estimates indicates that
the variance prediction branch primarily captured baseline image noise rather than clin-
ically relevant reconstruction degradation. This is consistent with the aleatoric domi-
nance effect reported by Kendall and Gal [8], who found that the log-variance head
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tends to capture residual data noise rather than true reconstruction degradation; never-
theless, this does not undermine the prospect of combining both uncertainty types for
the management of clinical logistics.

The repeatability analysis further demonstrated that epistemic uncertainty was re-
producible across repeated acquisitions while remaining responsive to acquisition-re-
lated changes. Although aleatoric uncertainty showed even higher repeatability, its min-
imal variation across conditions suggests limited utility as a standalone marker of scan
quality. Following the recommendation of Kendall and Gal [8] to treat epistemic and
aleatoric uncertainty as fundamentally distinct signals requiring separate decision
boundaries, independent percentile-derived thresholds were established for each axis to
construct a two-axis scan acceptance framework. Applied to the dataset, this rule iden-
tified 42.3% unsafe LLR-based undersampled scans while maintaining a zero false
rejection rate on safe scans (fully sampled and accelerated acquisitions). While the
42.3% detection rate remains modest, the ground truth labels in this preliminary evalu-
ation were defined by acquisitions conditions of image quality rather than independent
clinical measures of scan acceptability. The results suggest that uncertainty estimates
may support practical scan-quality triage by identifying acquisitions that are safe or
requires reacquisition. Future studies will validate this framework against clinical eval-
uations and semantic image quality metrics, and compare with state-of-art reconstruc-
tion models and uncertainty quantification methods.

6 Impact in RCS

Overall, the findings suggest that hybridized uncertainty-aware reconstruction may pro-
vide a useful approach for automated scan-quality triage in low-field MRI. Low-field
MRI is susceptible to challenges such as noise, artifacts, coil variation, and acceleration
related degradation which may also be relevant in resource constrained settings (RCS)
including Sub-Saharan Africa (SSA), where scanners frequently exhibit poorer contrast
and resolution under hardware and operational constraints. Although LUMC dataset
used in this study cannot fully represent specific imaging conditions or patient condi-
tion found in SSA, its variations provides a useful basis for examining how uncertainty
changes under different image quality conditions. Therefore, this study is relevant to
real world LF-MRI settings, where the safety status (accept, reject, flag or repeated) of
scans is critical for medical reporting. In addition to reducing the workload of the lim-
ited number of MRI physicists in RCS, an Al-enhanced scan acceptance rule is ex-
pected to lower the expertise barrier required to operate low-field MRI scanners in low-
resource clinics. Future work should investigate higher-performing reconstruction ar-
chitectures, larger training datasets, including low-field MRI data from SSA and other
resource constrained settings as well as improved uncertainty calibration strategies to
further enhance triage sensitivity and clinical utility.
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